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ABSTRACT
High demand and poor staffing conditions cause avoidable pressure and stress among healthcare personnel which results in
burnout symptoms and unplanned absenteeism which are hidden cost drivers. The work environment within an emergency
department is commonly arranged in a flexible workload which is highly dynamic and complex for the outside observer. Using detailed simulation modeling within structured modeling methods, a comprehensive model to characterize the nurses’
time utilization in such flexible dynamic workload environment was investigated. The results have been used to derive a generalized analytic expression that describes certain settings that lead to an instable queuing system with serious consequences
for the healthcare facility. Thus decision makers are hence equipped with a tool which allows identifying and preventing
such conditions that affect service quality level.
1

INTRODUCTION

Simulation is well positioned as an effective mean to evaluate the impact of changes in strategy and/or process on system performance through testing “what-if” scenarios either in industrial or servicescape applications (Cochran and Bharti 2006). A
growing number of simulation software packages has offered the modellers more simulation capabilities to extend their modeling functions and enhance optimization process. Simulation applications tend to focus on manufacturing and production
facilities whereas dynamics of servicescapes, such as flexible workload of employees, have got less attention. This flexible
workload is usually described as “multitasking” – not to be mistaken with the actual term multitasking which specifies more
than one task to be computed at the same time. In this context, flexible workload describes that one worker deals with several different tasks in a flexible manner within a given timeframe.
An example of flexible workload in the servicescape is emergency departments in hospitals, where nurses deal with several patients within the department at the same timeframe. During periods of high patient demands, the work environment is
stressful and burnout symptoms are likely common to happen. The rate of psychological ill to psychological health varied
from 17% to 33% among healthcare workers in the UK (Michie and West 2004). One major concern of healthcare providers
is the quality of service delivered; high patient demand causes a workload resulting in high utilization of staff which has a
significant negative impact on error rates. It is therefore mandatory for healthcare managers and administrative personnel to
identify under what conditions their processes should run in to provide a safe healthy environment. However, this flexible
workload environment appears complex and highly dynamic to the observer. Simulation modeling attempts to mimic such
work environments, require a logistical overhead that adds this special feature to the initial package of available commercial
packages. Very little research has been conducted to investigate the impact of flexible workload on the overall system performance. Therefore an investigation within a simulation of an emergency department is undertaken in order to describe the
impact of the number of staff to the overall utilization within a process chain that incorporates flexible workload.
The model developed offers insights in the dynamics of a flexible workload process chain and demystifies its complexity
for the benefit of an increased transparency and better understanding of the mechanism of flexible workload process chains.
This paper aims to demonstrate how simulation can be used in order to find a mathematical description of complex and dynamic systems that are difficult to capture analytically in an algebraic manner. Hence the mathematical description is presented in an equation that shows how the utilization of a flexible workload behaves in dependence of amount of staff and patient arrival time. In this paper a brief description of the flexible workload process within the emergency department in one
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of the university hospitals in Dublin, Section 2, is followed by the methodology used with a detailed review of the staffing
and absenteeism which elaborates the vicious circle of burnout among nurses. Having defined the objectives and results of
the simulation model in Section 3, the development of a flexible workload modeling approach to address the issue is then described in Section 3. The results and discussions confirming the validity of the model are outlined in Section 4 before the
conclusions of a study are presented.
2

BACKGROUND

Flexible workload management can be observed in high demanding working areas such as emergency departments where
nurses and care personnel deal with several patients at a time. The benefits of this flexible scheduling strategy are:
• Flexible work allocation
• Spontaneous adjustment of work force to demand
Flexible workload management is a daily routine and very common in hospital environments, for example when the patient is getting an x-ray, the nurse or porter is free to handle the next task or patient. At times with a high patient demand,
this work arrangement can lead to stressful conditions whilst burnout symptoms are likely to happen. Burnout – a stress
symptom – is personally experienced as frustration, sense of failure or insufficient personal and vacation time (Sherman et
al., 2006). It is also described as work-related emotional exhaustion, depersonalization, and reduced personal accomplishment. Studies looked at the effect and cause of burnout symptoms among healthcare personnel had found a connection between burnout and spontaneous absenteeism(Unruh, Joseph, and Strickland 2007; Hackett, Bycio, and Guion 1989; Felton
1998; Shamian et al. 2003; Diez-Pinol et al. 2008; Linzer et al. 2001). In Canada for example nurses had recorded the highest absenteeism rate among all employees in 1999 and created an economic loss of more than 16 million nursing hours due to
injury and illness (Shamian et al. 2003). Unplanned absenteeism creates additional stress for remaining staff as the workload
increases unless a substitution comes up. The substitute usually works for several other units and may not be as experienced
to the particular work environment as the replaced staff. The need to maintain such an external staff pool adds further costs
to the unit and lowers the quality of service. Investigations among high registered nurses show that high patient load is related to higher restraint use and more patient deaths (Unruh, Joseph, and Strickland 2007). Another study in Australia has
linked high patient demand with low healthcare quality indicators. It identifies an increase in patient mortality during observed periods of overcrowding within the emergency department (Richardson 2006).
A high mortality indicator is probably the worst imaginable drawback that comes along with unadjusted staffing levels.
Other unwanted side effects of unadjusted staffing levels are higher treatment error rates, sick pay due to absenteeism, or
even compensation payment due to physical injuries. An increase of absenteeism level implicates further negative effects on
staff spirit and encounters higher administrational costs, additional workload, and stress (Honkonen et al. 2006). Thus, this
additional stress could lead to further burnouts and probably cause more absenteeism. In order to break this vicious circle it
is important to identify the optimum utilization level for staff that allows operating in satisfactory conditions but without consuming its resources. Managers responsible of arranging the work environment for healthcare personnel have therefore to
consider the aforementioned issues and work on improving conditions.
Resource scheduling issues are one of the domains that simulation modeling has excelled in handling due to its flexible
approach to examine various strategies. Simulation optimization has been successfully applied in many studies (e.g. Bard
and Purnomo 2005; Conteno et al.2003; Kim and Horowitz 2002; Rohleder and Klassen 2002; Wijewickrama and Takakuwa
2005; Yeh and Lin 2007). Those studies focused on the shift arrangement in order to optimize the patient flow or treatment
costs or focus on finding the optimum utilization of healthcare units considering patient waiting times. The latter domain is
more difficult to investigate as it significantly varies from case to case. For example; a simulation model of an operating
room identified that its optimum efficiency can be achieved between 85 to 90 per cent (Tyler, Pasquariello, and Chen 2003).
However, this result cannot be generalized and certainly not be transferred to other operating rooms or other units. Emergency departments - demand driven units – on the other hand need more work to identify their optimum utilization under all
various constraints and limitations.
Simulation modellers have tried to achieve an accurate representation of healthcare units in general and emergency departments in particular. Owning the fact that these models of emergency departments tend to be larger and more complex,
handling is more difficult than in the conventional factory world view (Hay, Valentin, and Bijlsma 2006). Considering the
fact that the complexity of the factory world view should not be underestimated (Arisha and Young 2004), one might understand that developing an holistic model of healthcare units requires a lot of effort. In order to offer a decision support model
for managers, a generic model to consider flexible workload among nurses is developed and verified. This model explains
the effects of overstaffing and understaffing in dependence of the arrival rate. Results identify a range of parameters where
this system tends to get instable with the consequence of long waiting times and / or high workload for staff. Instable condi-
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tions are especially undesirable when a high quality of service is intended yet limited due to stressed staff and long waiting
lines.
3

METHODOLOGY

A detailed simulation modeling for an emergency department is developed, with an objective to focus on the allocation and
utilization of its resources. The emergency department is placed in a university hospital which serves about 50,000 patients
annually. Emergency departments in Ireland provide a set of services including primary, secondary, and tertiary care. Therefore the emergency department faces a very high demand. Government funds are not adequate to solve all the issues of the
emergency departments, which can be retrieved form the emergency task force report that describes symptoms such as that
hospitals are not able to provide the necessary amount of beds which results that emergency patients remain significant periods in the emergency department (Health Service Executive (HSE) 2007). Decision makers therefore strive for solutions that
helps to identify their bottlenecks and optimize their patient flow.
During the analysis phase, the nurses complained about their high workload and stress level caused by what they call
“multitasking”. Their work can be best described as spontaneous allocation of wherever their work is needed mostly. The
emergency department is identified as set of several integrated connected processes with the focus sets on the staff. It also
features a high dynamic alternating environment. A model is derived from the description and the observations (see Section
3.1). This alternating of staff between the processes can be best modeled with discrete event simulation approach due to the
flexibility and robustness of the approach. However, a logistic overhead is necessary in order to mimic the flexible workload
allocation. In order to understand the mechanism of a flexible workload an algebraic expression is found that allows a further
insight into the dependencies of over- and understaffing in relation to the patient arrival time. This driven expression is the
first step in the optimization process that aims to achieve the equilibrium between staffing and service quality level.
This paper exhibits a comprehensive application of simulation modeling and its role to analyze a complex dynamic environment. It also describe analytically the relationship between various entities in the uncertain system. This analytical model
delivers three benefits: (i) an increased understanding of the system; (ii) it supports an optimization process; and (iii) it provides healthcare decision makers with a formula that can be used to depict the staff utilization and the threshold number of
staff.
3.1

Flexible Workload Model

To find a description of the utilization ρ in dependence of the inter-arrival time T and the number of available staff n the following model is investigated to consider flexible workload management. The model as illustrated in Figure 1 is one of several process chains within a large emergency department simulation model. The model presented here is extracted from the
detailed emergency department model in order to investigate the mechanisms of a flexible workload environment. The investigated process chain is a one dimensional representation of a series of mi tasks that are sequentially completed by n personnel
allocated in the staff pool. The parameter M describes the number of tasks aligned in the process chain. A task can only be
completed by the presence of staff. That means that if no staff is available for a certain task, the patient would therefore have
to wait for the next nurse to be available. To avoid blocking a staff assignment logic arranges that the furthest processed patient gets the highest priority. Queues between all processes buffers all patient waits.

Figure 1: Simplified model to illustrate flexible workload of nurses.
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An example for such a process chain: patients arrive at an arrival rate λ, after having registered and occasionally having
waited in the waiting room, the patient enters the treatment process m with M tasks (Table 1). The first task for the nurse
would be to triage the patient; followed by placing the patient in the cubicle or bed and by making certain arrangements. The
third task is usually to take samples of the patient as requested by the consultant or the doctor. After that, nurse arranges the
requested diagnosis (guiding patient to x-ray, ct, or ultra sound). The fifth task is designated to pay attention to patient’s
needs, while diagnosis and results are to come. Finally, nurse has to arrange the patients’ referral.
Table 1: Example for nurses’ tasks in an flexible workload environment.
Task number i
1
2
3
4
5
6
3.2

Description of the task mi for nurses for patient j
Triage patient
Place patient in cubicle / bed
Take samples (blood, tissue, etc as requested)
Arrange diagnosis (x-ray, ultra sound, ct, etc)
Pay attention to patient needs
Make arrangements for referral

Simulation Results

Simulation experiments of the above described model deliver the graph displayed in Figure 2. The patient inter-arrival time
is set to be Poisson distribution that was drawn from the hospital records. The overall utilization was recorded taking into
consideration a warm-up period. The process service times of the tasks are normal distributed.

Figure 2: Simulation results showing overall resulting utilization ρ (n,T) of a flexible workload environment, in dependency
of the patient inter-arrival time T and the number of staff available n.
The overall utilization ρ (n,T) is measured in dependence of the available number of staff n and the inter-arrival time T,
where the inter-arrival time T is the reciprocal of the arrival rate λ. The Figure 2 displays some trends, like linear areas, a plateau and a hyperbola area. In order to analyze these trends the overall utilization is subdivided into its components (utilization of staff and utilization of activity).
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3.3

Analytical Model

A combination of several dependencies that are influencing the overall utilization was shown in Figure 2. In order to derive a
function that is able to describe the flexible workload environment, the result is investigated and interpreted by its components. The main focus is on the available number of staff at a certain arrival time slot t (Figure 3).

Figure 3: The simulation result (blue line) and the estimated calculated model (black line) for the overall utilization ρ (n) for a
specific arrival time t in dependence of the available staff n.
The result of the simulation experiments for a specific inter-arrival time t is illustrated in the blue dotted line. It is obvious that even though the statistical randomness causes some deviations, a trend is observable. In order to describe the trend,
the components of the overall utilization should be considered. The overall utilization ρ (n) is a combination of the utilization
of staff ρn (n) and the utilization of the tasks itself ρa (n), here expressed as activity in order to emphasize that it is an exceptional process which is depended on the participating staff member. Figure 4 illustrates the component for the utilization of
the activity ρa (n).

Figure 4: The simulation result (blue line) and the estimated calculated model (black line) for the activity utilization ρa (n),
which is a component of the overall utilization ρ (n).
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The blue dotted line displays average utilization ρa (n) of the activities. A linear trend is observable for the understaffed
condition where fewer staff (n) is available for tasks (M). In the case of understaffing (n < M), some activities remain idle
waiting for staff. Therefore, the utilization ρa (n) is limited to the number of available staff in the understaffed condition.
Whereas in an overstaffed condition (n ≥ M), a surplus of staff causes a permanent utilization for the activity which is then
only limited to the ratio of the arrival rate λ and the service time µ. These observations can be summarized in the following
equation, which calculates the utilization of the activity as:

n ,
 M
ρ a ( n) = 
 λ ,
 µ

for
for

n
M
n
M

≤
>

λ
µ
λ
µ

and n ≤ M
(1)

or n > M

Equation (1) is valid for λ ≤ µ otherwise the utilization would be equal to 1, which indicates an instable condition that
n
λ
limits the utilization to the ratio of arrival time to service
causes longer queues (Law and Kelton 2000). The term
≤
M µ
time in case that the staff to process ratio is of larger value. The upper part of the equation (1) addresses the condition of understaffing, whereas the lower part expresses the condition of overstaffing, which depends on the arrival time to service time
ratio, where the activities are saturated with staff. Once equation (1) is elaborated in order to consider the inter-arrival time,
1
and the utilization of activity ρa (n) can therefore be written as:
λ is substituted by
T

 n , for n ≤ 1
 M
M µT
ρ a ( n, T ) = 
 1 , for n > 1
 µT
M µT

and n ≤ M
(2)

or n > M

Utilization of activities ρa (n,T) in dependence of inter-arrival time T and the amount of staff is shown in Figure 5. The
threshold between over- and understaffing can easily be observed.

Figure 5: Graphical representation of equation (2), which illustrates the activity utilization ρa (n,T) in dependence of interarrival time T and number of available staff n.
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The utilization of staff ρs (n) is the other component that is included in the overall utilization of the flexible workload environment ρ (n) (figure 3). The Figure 6 is directly obtained from the simulation, measuring the utilization of staff being outside of the resource pool.

Figure 6: The simulation result (blue line) and the estimated calculated model (black line) for the staff utilization ρs (n) for a
specific arrival time t in dependence of the available staff n.
The measurement (Figure 6) shows that the utilization of staff is independent of the arrival time λ and of the service time
µ, because the simulation result (blue line) is equivalent to the estimated calculated utilization of staff (black line). It can be
seen that in case of understaffing (n < M) the utilization of staff is equals 1. This indicates that the staff is fully occupied
with high workload. In the case of staff number is even to the number of tasks (n = M), staff will not be interrupted or alternating between tasks. Once the process chain is overstaffed (n ≥ M + 1), the workload is decreased by every additional staff
member. This relationship is summarized as a function for the utilization of staff:

, for n ≤ M
1

ρ s ( n) =  ( M + 1)
, for n > M
 n

(3)

Equation (3) is valid for all λ as the utilization is directly obtained from simulation model results. Having derived the
mathematical expressions for both components (1) and (2) of the overall utilization ρ (n), displayed in the graph of Figure 3
can be calculated by multiplying the utilization of staff with the utilization of activities:

ρ ( n) = ρ a ( n) * ρ s ( n)

(4)

This delivers the black line in Figure 3, that is equivalent to the observed trend, which has initially been presumed. The
equation in (4) can easily be extended to incorporate the inter-arrival time by considering the equations (2) and (3):

ρ ( n, T ) = ρ a ( n, T ) * ρ s ( n, T )
Calculating the resulting utilization ρ (n, T) according to equation (5) delivers the graph displayed in Figure 7.
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Figure 7: Calculated utilization ρ (n,T) according to the mathematical expression (5) considering the utilization of staff ρs (n )
and activity ρa (n).
Comparing Figure 7 with Figure 2, it is obvious that the differences are ultimately due to the variability caused by random arrival rates. By assuming constant arrival rate and constant service rate, the utilization plot contains no fuzziness (Figure 7). This can be modified by incorporating the corresponding statistical distributions for the arrival time λ and the service
time µ in equations (2 and 3).
3.4

Results Analysis

Although an insignificant variation is shown due to the variance of the patient arrival time and service time, a pattern can be
obtained which is hence described in equation (5) with the considerations of its components in equations (2 and 3). Using
equation (5), outcomes showed similarity to the initial measurements (Figure 7) where the hyperbola axis are defined by the
inter-arrival T and the number of available staff n (Figure 6). The plateau marks the area where ρ (n ,T) = 1 with the interarrival time is set T ≤ µ and the number of available staff is less or equal to the number of tasks (n ≤ M). The slope on the left
side of the plateau (n < M) marks the area where the system tends to get instable. The two graphs showed that high utilization conditions are likely to happen when the available staff number n is less or equal the number of tasks M and the arrival
time is less than the service time. To avoid this, the service time should either be less than the arrival time or an excess number of staff is required. As service time are rarely manipulable in healthcare, it is important to consider the number of staffing as a variable.
4

DISCUSSION

Equation (5) represents the utilization of staff that is working in a flexible workload environment and the area of high utilization is easy obtained due to the mathematical description (ρ (n,T) = 1) as shown in Figure 7. This formula shows that the
system in this critical area tends to get instable and long queues are likely to develop. High utilization is also a reason for an
increased error rate which should be prevented especially in critical environments such as healthcare. The following example
in Figure 8 shows how to avoid severe staffing conditions: assume the number of tasks within a process chain is M = 5 and
inter-arrival time is T = 1.1h. As mentioned earlier and based on real observations; the error rate increases dramatically at an
overall utilization level of 85 per cent within our assumed example. Therefore the function should not exceed 85 per cent and
that is guaranteed at a staffing level of n ≥ 7. This example shows that the proposed model can be used to determine the optimum number of staff to achieve the required utilization taking in to account the uncertainty of the arrival rate λ. Decision
makers can also use the model to justify the required number of staff in order to obtain quality service along with an acceptable utilization level of their staff.
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Figure 8: Example to determine the critical amount of staff nc for M = 5 processes with the utilization limit of ρ = 85%.
It is worth mentioning that the system will certainly be maintained with less numbers of staff under one condition – inter-arrival time has to be smaller than the service rate T ≤ µ. Since this condition is impossible to control, then optimizing
number of staff is needed. The above example illustrates guidance for decision makers who try to investigate the workload
that will lead to an instable queuing system. Patients arrival times can be described as a Poisson distribution (Isken, Ward,
and McKee 1999) and therefore the manager can use the simulation model to examine the impact of changing the interarrival times and other sources of variability. To note also that the studied model considered one type of skill sets (i.e.
nurses). However, in real-life, a skill set mix would be required (i.e. doctors, consultants, administratives) to complete the
care pathway of patients through their treatment journey (Harper, Powell, and Williams In Press) . Another important issue
to be considered is the fact that the service rates within a process chain differ based on its nature. In this proposed process
chain (Figure 1), it is obvious that the longest service rate of one particular task slows down the other processes and internal
queues are likely to build up in front of the slowest server (bottleneck stage). The limitations addressed here are of current
research and the presented model will be extended adequately to analyze this issue.
Despite of these two limitations in the model, decision makers can still use the model to achieve a greater transparency to
the system operating conditions that eventually lead to better understanding of the nature of such flexible workload environment on staff utilization. For such work environments where a high quality standard is crucial, decision makers can decide
more accurately on the number of staff needed to assure the service level and avoid the instable conditions. Considering the
case of the Canadian nurses in 1999 with 16 million lost nursing hours, it is clear that an increase in staff number might avoid
negative consequences such as; error rate and significant amount of sick leave due to burnout. If a reduction of just 5 per
cent of sick leave could be achieved by considering a well adjusted utilization rate among nurses, that would probably save
costs equivalent to a salary of 4,000 employed nurses annually.
5

CONCLUSION

Identifying the right staff number within a process is in general an important issue, especially in highly fluctuating demand
applications such as emergency departments. It is not only crucial and imperative for the quality of service, but it also is a
cost driver. An understaffed emergency department can develop serious unwanted consequences such as; high error rate,
stress among the healthcare personnel, and burnouts that can lead to unplanned absenteeism. Spontaneous absenteeism inflicts even more stress among the personnel and additionally lowers the moral between the remaining staff. To avoid these
negative outcomes, it is important to identify under what conditions these effects can be obviated. Instable queuing systems
are such conditions in which staff is highly utilized and queues for services are increasing without a chance of reducing its
length. Indicators that show a higher mortality rate during high occupational periods (Richardson 2006; Unruh, Joseph, and
Strickland 2007) give reasons for concern and emphasizes the need for a right adjusted staffing of the process chains.
In order to describe and understand the mechanism of a dynamic process chain, the authors derived a detailed simulation
model of a larger emergency department in one of the university hospitals in Dublin. This model allowed to investigate the
dependencies of staff utilization in accordance to the number of staff and the patient arrival time which are then described in
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equation (5) under the consideration of the constraints in equation (2) and (3). These equations emulates the dynamics in
such changing work environment by simulating flexible workload management. Results show that two conditions should be
avoided; first, the longest service rate within a process chain should not exceed the arrival time ratio. Secondly, staffing has
not to be lower or equal to the amount of tasks within a process. If these two conditions to happen, the system will be described as instable system resulting in long queues and high utilization of staff. A challenge to decision makers will always
be; how to develop certain balance to maintain satisfactory service quality and avoid staff over utilization. The model developed aimed to offer a decision support tool to decision makers by providing insights on staff utilization under different work
schedules.
During the design of a healthcare unit one should bear in mind that providing healthcare is not producing health. Healthcare personnel are obliged to their patients, who have human needs and have no understanding for stop watches while they
need some attention. Providing healthcare personnel with such freedom to care for their patients enables a threefold win
situation: the patient gets better care and advices, stress among personnel is reduced as well as unexpected absenteeism and
its negative consequences can be lowered as costs and lower quality of care. Avoiding stressful working conditions are therefore a worthwhile investment.
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